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Over the past decades, detailed individual building energy models (BEM) on the one side and regional
and country-level building stock models on the other side have become established modes of analysis for
building designers and energy policy makers, respectively. More recently, these two toolsets have begun
to merge into hybrid methods that are meant to analyze the energy performance of neighborhoods, i.e.
several dozens to thousands of buildings. This paper reviews emerging simulation methods and
implementation workﬂows for such bottom-up urban building energy models (UBEM). Simulation input
organization, thermal model generation and execution, as well as result validation, are discussed suc-
cessively and an outlook for future developments is presented.
© 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).Contents
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The United Nations estimates that the number of city-dwellers
worldwide will grow until 2030 at a net rate of about two million
per week [1]. If this unprecedented urban growth continues to be
largely ad hoc via informal settlements, sprawl and haphazard
densiﬁcation, global and local consequences for the environment,
the economy and the mere quality of life of billions could be severe.
Policy measures at the international and national level as well as
technical advances can support positive change but the immediate
implementation of sustainable infrastructure measures mostly
happens at the municipal and neighborhood level. In response to
those global challenges, city governments world-wide haveLtd. This is an open access article udeveloped ambitious long-term GHG emission reduction targets
such as 40% and 60% by 2025 (San Francisco and London) or 80% by
2050 (New York City and Boston) [2,3]. Interestingly, such targets
increasingly command substantial political willpower, especially in
regions that have already suffered from increased hurricane activ-
ity, draught and/or prolonged summer heat waves. While the sig-
niﬁcance of GHG emissions from transportation and industrial
activities varies among cities, building-related emissions are always
a key contributor.
In order to manage and notably reduce those emissions for both
new and existing neighborhoods, cites need to better understand
not only which sectors and buildings currently cause those emis-
sions but alsowhat future effects comprehensive energy retroﬁtting
programs and energy supply infrastructure changes might have.
The analysis of current overall energy ﬂows can be realized via
“top-down” building stock energy models which start with the
building energy demand for a region and increasingly subdivide thender the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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provide estimates of what would happen if more buildings of a
certain type were to be built or converted into another type. But,
such models necessarily extrapolate from the status quo and are
hence less suitable when more integrated energy supply-demand
scenarios are being investigated or when an analysis focuses on a
speciﬁc neighborhood. At this meta-scale e ranging from several
dozens to thousands of buildings e “bottom-up”, urban building
energy models (henceforth referred to as UBEM) are expected to
become a key planning tool for utilities, municipalities, urban
planners and even architects working on campus level projects.
The basic approach of UBEM is to apply physical models of heat
and mass ﬂows in and around buildings to predict operational
energy use as well as indoor and outdoor environmental conditions
for groups of buildings. At the individual building level, such heat
ﬂow or building energy models (BEM) are already widely used in
many parts of the world for design development, code-compliance
demonstration and improved operation [5]. The typical usage case
for BEM is that an energy modeler is provided with geometry,
construction data and usage schedules for an initial sketch, mature
design or existing building. The level of available information is
commensurate with the design stage of the project which requires
the modeler to make educated guesses regarding certain simula-
tion inputs. The modeler then enters the available information
into a building energy modeling software, a mostly manual,
time consuming and costly process. A number of BEM simulation
programs have been validated against measurements [6,7] and
various standards are in place to ensure their continued reliability
[8,9].
While the above outlined BEM process can in principle be suc-
cessively applied to any number of buildings, this process would
require prohibitively high ﬁnancial and time resources. Translating
a net word-wide growth of 2 million city dwellers per week to the
Boston context would require the design, modeling and construc-
tion of some 400,000 buildings per week. To put this number in
perspective, as of February 2015 there were around 70,000 LEED
certiﬁed buildings worldwide (LEED. URL: http://www.usgbc.org/
LEED). To become globally relevant and affordable, BEM hence
needs to expand its scope to the urban realm. This manuscript re-
views recent attempts to make UBEM a viable decision support tool
for architects, urban planners and energy policymakers. This pro-
cess requires the reconceptualization and automation of building
energy model workﬂows as well as the validation of UBEM pre-
dictions against measured energy use. While the document
focusses on operational building energy use of neighborhoods
based on building-by-building simulations, the same approach has
also been applied to other urban performance criteria such as
embodied energy use [10], daylight availability [11] and walkability
[12]. Perez and Robinson called this larger ﬁeld of exploration,
which UBEM is a part of, “urban micro-simulation” [13,14]. Within
the model classiﬁcation schemes used by Ugursal/Swan [15] and
Kavgic et al. [16], UBEMs are “bottom up engineering” or “bottom
up building physics” models, respectively. The UBEMs discussed in
this paper focus speciﬁcally on synthesizing building load proﬁles.
Complementary models to designmatching building energy supply
systems were recently reviewed by Allegrini et al. [17].2. Urban building energy modeling
The task of creating a reliable building energy model of a new or
existing neighborhood can be broken into the following subtasks:
simulation input organization (data input), thermal model gener-
ation and execution (thermal modeling) as well as result validation
(validation).2.1. Data input
An UBEM requires the combination of serval data sets including
climate data, building geometry, construction standard and usage
schedules. Climate data sets for building performance simulation
have been available for a number of years following the initial
establishment of a viable data format, the typical meteorological
year (TMY) [18,19], and the subsequent provision of data available
in this format for multiple regions worldwide (US-DOE EPW
Weather Data. URL: http://apps1.eere.energy.gov/buildings/ener-
gyplus). Apart from improving the world-wide coverage of these
datasets, researchers have recently been exploring methods of how
to model local microclimatic phenomena within cities such as the
urban heat island effect [20]. For the City of London, Mavrogianni
et al. coupled locally measured temperature proﬁles with an UBEM
in order to resolve the effect of the urban heat island effect on
building energy use and resident health [21]. Predicting local wind
patterns [22] and linking IPCC climate change predictions to cur-
rent day TMYs [23] are equally active areas of research with direct
implications for UBEM.
The geometry input data required by an UBEM consists of
building envelope shapes and window opening ratios as well as
terrain data. Depending on whether a new or existing neighbor-
hood is the subject of investigation, this information can either be
extracted from existing datasets or generated from scratch. Over
the past decades, city-wide Geographic Information Systems (GIS)
databases have not only become commonplace in many regions of
the world but are also increasingly accessible to the general public,
especially in the US. GIS shape ﬁles combined with LiDAR data or
building heights [24] as well as open semantic formats such as
CityGML [25] can be used to automatically generate extruded or
“2.5D” massing models of whole cities such as the one shown in
Fig. 1(a) for South Boston. Due to their ability to combine geometry
and building databases, CityGML models have recently become the
ﬁle format of choice for several European research projects
[49,50,65]. Massing models with similar characteristics as Fig. 1(a)
are routinely generated for architecture and urban planning pro-
jects as well, as shown in Fig. 1(b) which depicts an early design
proposal for Boston's new Innovation District (Boston BRA Urban
Design Dept. 2010). As far as the simulation process is concerned,
geometric simulation inputs are therefore identical for existing and
new neighborhoods.
In addition to the outer shell, non-geometric building properties
have to be deﬁned as well, including construction assemblies and
HVAC systems. At the individual building level, this step routinely
takes about a third of the modeling effort [26] and constitutes one
of the main sources of discrepancies between simulated and
measured energy use due to uncertainty regarding inﬁltration
rates, equipment loads and occupant behavior [27]. While these
quantities can be measured for a small group of existing buildings,
such detailed data collection efforts become impractical for larger
urban areas. It is therefore necessary for an UBEM to abstract a
building stock into “building archetypes”, i.e. building deﬁnitions
that represent a group of buildings with similar properties. The
archetype approach has been extensively used in the context of
national or regional bottom up building stock models to under-
stand the aggregated impact of energy efﬁciency policies [28] and
new technologies [29]. The generation of archetypes requires two
steps: In segmentation, the investigated building stock is divided
into groups according building shape, age, use, climate and systems
[30e37]. In characterization, a complete set of thermal properties
including construction assemblies, usage patterns and building
systems have to be deﬁned for the archetype buildings represent-
ing the previously deﬁned groups. Depending on the scale of
application and segmentation parameters chosen, an archetype
Fig. 1. 2.5D massing model of South Boston from GIS (a) and urban massing proposal for the Boston Innovation District (b).
Table 1
Summary of building archetype deﬁnitions.
Scale of application # of buildingsa Segmentation parameters # of archetypes Characterize method B/A ratio Reference
Urban (Osaka) 1128 Shape/Area 20 Virtual 56 [43]
Urban (Houston) b Shape/Age/Use/System 30 Virtual b [35]
Urban (London) 267,000 Shape/Age 144 Virtual 1854 [21]
Urban (Carugate) 1320 Age 7 Sample 189 [29]
Urban (Milan) b Shape/Age/Use 56 Virtual b [44]
Urban (Rotterdam) 300,000 Shape/Age 26 Virtual 11,538 [36]
Urban (several US locations) 200 Shape/Age/Use/System 12 Virtual 17 [37]
33,000 37 892
200,000 17 11,765
15,000 25 600
Urban (Basel) 20,802 Shape/Age/Use 20 Virtual 1040 [39]
National (UK) 115,751 Shape/Age 47 Virtual 2463 [28]
National (Italy) 11,226,595 Shape/Age/Climate 96 Sample 116,943 [30]
National (Greece) 2,514,161 Shape/Age/Climate 24 Sample 104,716 [31]
National (Greece) 2,514,161 Shape/Age/Use/System 5 Virtual 502,832 [45]
National (Italy) 877,144 Shape/Age/Climate/System 3168 Virtual 277 [33]
National (Ireland) 40,000 Constructions/Thermal 13 Virtual 3078 [40]
Regional (Sicily) 171,000 Shape/Age/Climate 84 Virtual 2036 [32]
National (France, Spain, Germany, UK) 14,916,600 Shape/Age/Climate/System 92 Sample & Virtual 162,137 [46]
9,804,090 120 81,700
18,040,000 122 147,869
20,496000 252 81,333
National (Finland) 36,000 Age/Use 12 Sample 3000 [34]
a Number of buildings to be represented by archetypes.
b Number of buildings not available in the study.
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notable effort to generate country-wide archetypes for 13 nations is
the ongoing European research project TABULA [38]. The charac-
terization of an archetype can be either based on a sample building,
i.e. an actual building within the group that is documented through
an audit, or a virtual building, which is based on statistical building
data and/or expert opinions [30].
While the actual division of a building stock into archetypes is
obviously of paramount importance for the reliability of the
resulting UBEM, the process typically remains ad hoc, relying on
generic assumptions. The reason for this can probably be attributed
to the fact that UBEM modelers do often not have access toTable 2
Thermal modeling methods.
Type of thermal Model Type of simulation
Single zone Steady state
Single zone Steady state
Single zone Dynamic
Single zone Dynamic
Multi zone Dynamic
Multi zone Dynamicmeasured individual building energy use. The usefulness of having
access to such data during the generation of archetypes was dis-
cussed by several groups. Aksoezen et al. showed that older
buildings can use less energy than one might expect due to their
lower quality thermal properties because of modiﬁed, more
energy-conscious occupant behavior [39]. Famuyibo et al. reduced
the number of required archetypes from 81 to 13 by clustering
actual individual building energy use [40]. Kolter and Ferreira built
a regressionmodel based on tax assessor data that explained 75% of
the variance in measured monthly energy use for 6500 buildings in
Cambridge, MA [41]. Once a set of archetypes is available, all non-
geometric building properties required for a thermal model canContext-speciﬁc shading between buildings References
No [28,29]
Yes [24,47,50]
No [46]
Yes [61]
No [35,51,52,58]
Yes [42,56,58e60]
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expanding established Building Information Modeling (BIM) for-
mats such as gbXML (gbXML, URL: http://www.gbxml.org), by
adapting a GIS database format, or by using a custom data format
[26,42].
2.2. Thermal modeling
Once climate data, building massing models and archetype
templates are available, they need to be combined into a thermal
model, which then needs to be executed, and the results commu-
nicated back to the user in an intelligible format. Previously pub-
lished UBEM workﬂows mainly differ in the type and detail of
thermal models used as well as whether the effect of surrounding
buildings is taken into account (Table 2). A number of these
workﬂows are described in the following, going from low to
increasingly higher complexity. In the simplest case, an UBEM
consists of single zone, steady state heat balance models of each
building archetype. Simulation results for the archetypes are scaled
up to the ensemble level by multiplying them with either the
number of buildings per archetype [28] or a ﬂoor area-weighted
function of that number [29]. This modeling approach ignores
that the urban context of a building can signiﬁcantly affect its
performance e.g. through shading, local wind patterns, etc. To
consider shading as well as building compactness the SIMSTADT
tool in combination with the INSEL simulation engine applies a
single-zone steady state model to each building separately,
considering its actual urban surrounding [47e49]. While steady-
state methods are generally known to reliably predict heating
loads, dynamic thermal simulation engines such as EnergyPlus,
DOE2, TRNSYS and IDA-ICE are preferable for locations with notable
cooling needs. Mata and Caputo accordingly used context-less
single zone dynamic models to analyze archetypes in France, Ger-
many, Italy, Spain and the UK [44,46]. For investigations of detailed
urban design choices including mixed-use buildings, multi-zone
dynamic thermal models may become necessary. In practice, this
requires converting a massing model into a network of volumetric
thermal zones. Same as for single zone models, multi-zone models
can either be generated for archetype buildings only [35,51,52] or
for each building individually so that solar shading can be consid-
ered as well. While building a multi-zone model for select arche-
types is still feasible manually, this process has to be automated if
applied to all buildings. For simple, rectangular buildings this is a
relatively straightforward geometric operation. For arbitrary
building forms, Dogan et al. [53] recently developed an “autozoner”
algorithmwhich automatically generates ASHRAE 90.1 Appendix G
compliant multi-zone energy models from closed boundary rep-
resentations (BREPs) [54]. Finally, in dense urban settings being
able to model local wind speeds and longwave radiation exchange
between buildings in addition to direct shading can become rele-
vant to quantify the impact of urban microclimate on building
energy use and/or occupant health. In this context, Toplar et al. and
Gracik et al. recently demonstrated interesting examples of the use
of computer ﬂuid dynamic (CFD) models at the urban scale [55,56].
The implementation of the workﬂows described above varies. In
most cases the developers combined export/import capabilities of
exiting tools such as GIS and BIM with custom scripts to generate a
thermal model, execute the simulations and present them via
spreadsheets or GIS applications [57,21,52,29,51]. A few groups
further automated and streamlined the simulation workﬂows to
incorporate additional urban performance metrics andmake UBEM
accessible to urban designers and planners: SUNTOOL [59] and the
CITYSIM [42] are examples that combine a custom GUI with newly
developed thermal simulation engines. While simulation input is a
manual process in CITYSIM, it is based on CityGML geometricaldatabases in SIMSTADT [47]. The Urban Modeling Interface (UMI)
works as a plug-in for the CAD modeling software Rhinoceros 3D,
which allows developing parametric 3D urban models and
exporting and executing them in EnergyPlus while also offering
daylighting, lifecycle and mobility analysis out of the same model
[60]. Using a similar plug-in approach, an integrated UBEM tool for
ArcGIS was developed at the ETH Zurich, capable of producing re-
sults with a custom simulation engine at multiple spatial and
temporal scales [61].
While simple steady state simulation models for several thou-
sand buildings can be executed in a matter of an hour on a standard
laptop, the simulation time for thousands of dynamic multi-zone
models may take days. Fortunately, the process can be fully paral-
lelized and thus sped up using cloud computing. Less resource
intensive approaches were recently proposed such as envelope
simpliﬁcations and model order reduction in Modelica [62],
aggregating internal zones into thermal mass elements [63], clus-
tering programmatic spaces in a neighborhood into shoebox
models [64] and others [65]. As a ﬁnal step, UBEM results have to be
reported back to the user in spatial and/or temporal form (Fig. 2) or
otherwise. As interest in UBEM models is likely going to expand
over time to include non-experts and the general public, presenting
model results via web visualization techniques was explored by
Giovannini et al. [66]. The challenge of communicating massive
amounts of energy data to stakeholders as actionable information
falls under the exponentially growing ﬁeld of big data visualization
and analysis.
2.3. Validation
The ability of UBEMmodels to support different design or policy
decisions naturally depends on how reliable the simulation results
actually are. Given that even individual BEM predictions may
signiﬁcantly differ frommeasured results due to uncertainties such
as inﬁltration rates and occupant behavior, it may initially seem
unlikely that an UBEM will be capable of faithfully predicting the
energy use of many buildings. However, when comparing aggre-
gated annual measured versus simulated energy use of multiple
buildings, these individual model inaccuracies tend to average out,
resulting in reported errors ranges between only 7% and 21% for
heating loads [29,32,47,67] and 1 and 19% for total Energy Use In-
tensity (EUI) [35,43,44,61] (Table 3).
These error ranges are acceptable for guiding decisions that
affect multiple buildings. However, for a peak load analysis, which
usually focusses on aggregate hourly load proﬁles, differences of up
to 40% were reported by Heiple and Sailor [35]. As one would
expect, simulation accuracy decreases as results are analyzed at the
individual building level, with reported error ranges of 12e55% for
regional stock models [45] and 5e99% for urban models
[58,47,63,37,67,61].
3. Discussion and conclusions
The proceeding sections have shown that signiﬁcant progress
has recently been made towards the development of simulation
workﬂows to estimate overall operational building energy use
across neighborhoods. Given the insight that one may gain from
such simulations for planning, design and policy decisions, the
required effort level to set up and run such models seems justiﬁ-
able. Yet, for UBEM to distinguish itself as a reliable urban planning
tool, several challenges remain.
The largest remaining uncertainty for UBEM simulations is
associated with the deﬁnition and detailed description of arche-
types that reliably represent a building stock. Due to tightly
restricted access to measured building energy use as well as
Fig. 2. Heat map of simulated annual heating demand for South Boston using UMI (a) and daily gas and electricity demand proﬁles for the highlighted building in South Boston (b).
Table 3
Reported simulation errors for multiple UBEM studies.
City/Region # of measured buildingsa Simulation outputs Validation scale Reported error range Reference
Osaka 1128 Total EUI Aggregate 18% [43]
Houston b Total EUI Aggregate 10-13% [35]
Carugate 1320 Heating Aggregate 10% [29]
Milan b Total EUI Aggregate 4% [44]
Sicily b Heating Aggregate 8% [32]
Los Angeles 27 Total EUI Building 11-23% [58]
Thessaloniki 4 Heating Building 12-55% [45]
Ludwigsburg 35 Heating Aggregate/Building 21%/5e50% [47]
Karlsruhe 22 Aggregate/Building 7%/18e31%
Freiburg 22 Heating Building 1-60% [63]
Navy yard 200 Total EUI Building 5-69% [37]
Arlington county 6 Building 5e50%
Swiss village 100 Heating Aggregate/Building 8%/6e88% [67]
Swiss district 22 Heating Total EUI Building Aggregate/Building 9-66% [61]
1e19%/8e99%
a Number of buildings to be represented by archetypes.
b Number of buildings not available in the study.
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buildings, it is often neither possible to estimate simulation un-
certainty nor to calibrate an UBEM to reduce errors. To tackle this
problem, modelers require access to building energy audit data as
well as measured energy use in select, audited buildings. While
privacy concerns oftentimes preclude utilities from sharing such
data sets, some utilities my start building calibrated UBEMs in-
house to predict future demand proﬁles. The resulting archetype
templates do not infringe on anybody's privacy and could hence be
shared with the public. Some city and state governments, which
represent another key stakeholder group, have already passed or-
dinances that require building energy use of select building types to
be made public.
Linked to the question of simulation uncertainty is the question
at what level UBEM predictions should be used. While UBEM
validation studies involving larger groups of buildings showed good
agreement with measurements (Table 3), simulation errors greatly
increased for individual buildings. To model the actual spread in
building energy use due to occupant behavior, building occupants
should be treated as individual agents rather than identical robots
that repeatedly follow the same activities at the same time. Sto-
chastic user behavior models are needed. At the UBEM level, such
models have to date only been proposed for the CITYSIM tool [68].
Finally, in order for UBEMs to have the larger societal impact
that was proposed in the introduction, stronger intellectual
engagement between planners, policymakers, utility representa-
tives and the building modeling community is necessary. This will
require training a new generation of individuals with adequate
domain knowledge in all of these areas.Acknowledgment
The writing of this manuscript has been supported by the
Kuwait-MIT Center for Natural Resources and the Environment as
well as the Center for Complex Engineering Systems at KACST and
MIT. The authors are indebted to Darren Robinson and Ursula Eicker
for providing feedback on earlier versions of this manuscript.References
[1] United Nations: world Urbanization Prospects: the 2014 Revision, UN
Department of Economic and Social Affairs, Population Division, New York
NY, 2014.
[2] New York NY, City of New York: one City Built to Last, 2014.
[3] City of Boston: Greenovate Boston 2014 Climate Action Plan Update. Boston
MA, 2014.
[4] B. Howard, L. Parshall, J. Thompson, S. Hammer, J. Dickinson, V. Modi, Spatial
distribution of urban building energy consumption by end use, Energy Build.
45 (2012) 141e151.
[5] L.M.J. Hensen, R. Lamberts (Eds.), IBPSA: Building Performance Simulation for
Design and Operation, Spon Press, New York NY, 2011.
[6] R.H. Henninger, M.J. Witte, D.B. Crawley, Analytical and comparative testing
of EnergyPlus using IEA HVAC BESTEST E100eE200 test suite, Energy Build.
36 (2004) 855e863.
[7] P.A. Strachan, G. Kokogiannakis, I.A. Macdonald, History and development of
validation with the ESP-r simulation program, Build. Environ. 43 (2008)
601e609.
[8] ASHRAE, Standard 140-2011-Standard Method of Test for the Evaluation of
Building Energy Analysis Computer Programs, American Society of Heating,
Refrigerating, and Air-Conditioning Engineers, Atlanta GA, 2011.
[9] DIN: EN 15266, Energy Performance of Buildings - Calculation of Energy
Needs for Space Heating and Cooling Using Dynamic Methods, in: General
Criteria and Validation Procedures, Berlin, DINA, 2007.
[10] C. Cerezo, C.F. Reinhart, Urban energy lifecycle: An analytical framework to
evaluate the embodied energy use of urban developments, in: Proceedings of
C.F. Reinhart, C. Cerezo Davila / Building and Environment 97 (2016) 196e202 201Building Simulation 2013: Chambery, France, 2013.
[11] T. Dogan, C.F. Reinhart, P. Michalatos, Urban daylight simulation: Calculating
the daylit area of urban designs, in: Proceedings of SimBuild 2012: Madison,
WI, 2012.
[12] T. Rakha, C.F. Reinhart, A carbon impact simulation-based framework for land
use planning and non-motorized travel behavior interactions, in: Pro-
ceedings of Building Simulation 2013: Chambery, France, 2013.
[13] D. Robinson, Computer Modeling for Sustainable Urban Design, Earthscan,
London, 2011.
*[14] D. Perez, D. Robinson, Urban energy ﬂow modelling: a data-aware approach,
in: S. Muller-Arisona, G. Aschwanden, J. Halatsch, P. Wonka (Eds.), Digital
Modeling and Simulation, Communications in Computer and Information
Science, 242Springer, Berlin, Germany, 2012 (The authors provide a
compelling review of how data required for an UBEM should be collected and
managed).
[15] L.G. Swan, V.I. Ugursal, Modeling of end-use energy consumption in the
residential sector: a review of modeling techniques, Renew. Sustain. Energy
Rev. 13 (2009) 1819e1835.
[16] M. Kavgic, A. Mavrogianni, D. Mumovic, A. Summerﬁeld, Z. Stevanovic,
M. Djurovic-Petrovic, A review of bottom-up building stock models for en-
ergy consumption in the residential sector, Build. Environ. 43 (2010)
1683e1697.
[17] J. Allegrini, G. Mavromatidis, K. Orehounig, F. Ruesch, V. Dorer, R. Evins,
A review of modelling approaches and tools for the simulation of district-
scale energy systems, Renew. Sustain. Energy Rev. 52 (2015) 1391e1404.
[18] I. Hall, R. Prairie, H. Anderson, E. Boes, Generation de typical meteorological
years for 26 SOLMET stations. Albuquerque NM: SAND78e1601, 1978.
[19] D. Crawley, J. Hand, L. Lawry, Improving the weather information available to
simulation programs, in: Proceedings of Building Simulation 1999: Kyoto,
Japan, 1999.
[20] B. Bueno, L. Norford, G. Pigeon, R. Britter, A resistance-capacitance network
model for the analysis of the interactions between the energy performance
of buildings and the urban climate, Build. Environ. 54 (2012) 116e125.
[21] A. Mavrogianni, M. Davies, M. Kolokotroni, I. Hamilton, A GIS based bottom
up space heating demand model of the London domestic stock, in: Pro-
ceedings of Building Simulation 2009: Glasgow, Scotland, 2009.
[22] J. Liu, M. Heidarinejad, S. Gracik, J. Srebic, The impact of exterior surface
convective heat transfer coefﬁcients on the building energy consumption in
urban neighborhoods with different plan area densities, Energy Build. 86
(2015) 449e463.
[23] M. Jentsch, P. James, L. Bourikas, B. AbuBakr, Transforming existing weather
data for worldwide locations to enable energy and building performance
simulation under future climates, Renew. Energy 55 (2013) 514e524.
[24] J.M. Bahu, A. Koch, E. Kremers, S.M. Murshed, Towards a 3d spatial urban
energy modelling approach, in: Proceedings of ISPRS 8th 3DGeoInfo Con-
ference: Istanbul, Turkey, 2013.
[25] OGC, City Geography Markup Language (CityGML) Encoding Standard, Open
Geospatial Consortium, 2012.
[26] C. Cerezo, T. Dogan, C. Reinhart, Towards standardized building properties
template ﬁles for early design energy model generation, in: Proceedings of
ASHRAE/IBPSA Conference 2014: Atlanta GA, 2014.
[27] ASHRAE, Standard 189.1-2014 Standard for the Design of High-performance
Green Buildings, American Society of Heating, Refrigerating, and Air-
Conditioning Engineers, Atlanta GA, 2014.
[28] S.K. Firth, K.J. Lomas, Investigating CO2 emission reductions in existing urban
housing using a community domestic energy model, in: Proceedings of
Building Simulation, 2009 (Glasgow, Scotland).
[29] O.G. Dall’, A. Galante, M. Torri, A methodology for the energy performance
classiﬁcation of residential building stock on an urban scale, Energy Build. 48
(2012) 211e219.
*[30] I. Ballarini, S.P. Corgnati, V. Corrado, Use of reference buildings to assess the
energy saving potentials of the residential building stock: the experience of
the TABULA project, Energy Policy 68 (2014) 275e284 (Description of a
methodology for the selection of archetypes and reference buildings for a
national stock based on the European TABULA project).
[31] E.G. Daskalaki, K.G. Droutsa, C.A. Balaras, S. Kontoyiannidis, Building typol-
ogies as a tool for assessing the energy performance of residential buildings:
a case study for the Hellenic building stock, Energy Build. 43 (2011)
3400e3409.
[32] L. Filogamo, G. Perri, G. Rizzo, A. Giacone, On the classiﬁcation of large res-
idential building stocks by sample typologies for energy planning purposes,
Appl. Energy 135 (2014) 825e835.
[33] G.V. Fracastoro, M. Serraino, A methodology for assessing the energy per-
formance of large scale building stocks and possible applications, Energy
Build. 43 (2011) 844e852.
[34] P. Tuominen, R. Holopainen, E. Lari, J. Jokisalo, M. Airaksinen, Calculation
method and tool for assessing energy consumption in the building stock,
Build. Environ. 75 (2014) 153e160.
[35] S. Heiple, D.J. Sailor, Using building energy simulation and geospatial
modeling techniques to determine high resolution building sector energy
consumption proﬁles, Energy Build. 40 (2008) 1426e1436.
[36] A. Mastrucci, O. Baume, F. Stazi, U. Leopold, Estimating energy savings for the
residential building stock of an entire city: a GIS based statistical down-
scaling approach applied to Rotterdam, Energy Build. 75 (2014) 358e367.
[37] A. Marston, P. Garforth, G. Fleichammer, O. Baumann, Urban scale modeling:how generalized models can help communities halve their energy use in
thirty years, in: Proceedings of ASHRAE/IBPSA Conference 2014: Atlanta GA,
2014.
[38] TABULA Team, Typology Approach for Building Stock Energy Assessment.
Main Results of the TABULA Project: Final Project Report, GmbH, Darmstadt,
Germany, 2012.
**[39] M. Aksoezen, M. Daniel, U. Hassler, N. Kohler, Building age as an indicator
for energy consumption, Energy Build. 87 (2015) 74e86 (The authors
question the “a priori” selection of archetypes for urban stock analysis
based on building age, and propose a statistical method for the reduction of
representative archetypes based on measured energy use).
*[40] A.A. Famuyibo, A. Duffy, P. Strachan, Developing archetypes for domestic
dwellings: an Irish case study, Energy Build. 50 (2012) 150e157 (The paper
proposes a technique for the selection and deﬁnition of representative res-
idential archetypes as a combination of linear regression and clustering. The
authors demonstrate the value of measured energy use in the deﬁnition of
urban models).
[41] Z. Kolter, J. Ferreira, A large-scale study on predicting and contextualizing
building energy usage, in: Proceedings of 25th AAAI Conference on Artiﬁcial
Intelligence: San Francisco CA, 2011.
[42] D. Robinson, et al., CitySim e comprehensive micro simulation of resource
ﬂows for sustainable urban planning, in: Proceedings of Building Simulation
2009: Glasgow, Scotland, 2009.
[43] Y. Shimoda, T. Fujii, T. Morikawa, M. Mizuno, Residential end use energy
simulation at city scale, Build. Environ. 39 (2004) 959e967.
[44] P. Caputo, G. Costa, S. Ferrari, A supporting method for deﬁning energy
strategies in the building sector at urban scale, Energy Policy 55 (2013)
261e270.
[45] I. Theodoridou, A.M. Papadopoulos, M. Hegger, A typological classiﬁcation of
the Greek residential building stock, Energy Build. 41 (2011) 2770e2787.
[46] E. Mata, A. Sasic Kalagasidis, F. Johnston, Building stock aggregation through
archetype buildings: France, Spain, Germany and the UK, Build. Environ. 81
(2014) 270e282.
**[47] Nouvel R, Schulte C, Eicker U, Pietruschka D, Coors V: CityGML based 3D city
model energy diagnostics urban energy policy support. Proc. Build. Simul.
2013 Chambery, France; 2013. Introduction and validation of a CityGML-
based UBEM workﬂow in two residential districts in Southern Germany.
[48] A. Strzalka, J. Bogdahn, V. Coors, U. Eicker, 3D city modeling for urban scale
heating energy demand forecasting, HVAC&R Res. 17e4 (2011) 526e539.
[49] U. Eicker, R. Nouvel, E. Duminil, V. Coors, Assessing passive and active solar
energy resources in cities using 3D city models, Energy Procedia 57 (2014)
896e905.
*[50] R. Kaden, T.H. Kolbe, City-wide total energy demand estimation of buildings
using semantic 3d city models and statistical data, in: Proceedings of ISPRS
8th Conference: Istanbul, Turkey, 2013. * The authors present a compre-
hensive workﬂow for the estimation of urban building energy use in a UBEM,
combining CityGML geometry, a 3DCityDB database and a single zone static
simulation model.
[51] F. Ascione, R.F. De Masi, F. De Rossi, R. Fistola, M. Sasso, G.P. Vanoli, Analysis
and diagnosis of the energy performance of buildings and districts: meth-
odology, validation and development of urban energy maps, Cities 35 (2013)
270e283.
[52] A. Mastrucci, O. Baume, F. Stazi, S. Salvucci, U. Leopold, A GIS based approach
to estimate energy savings and indoor thermal comfort for urban housing
stock retroﬁtting, in: Proceedings of BauSIM 2014: Aachen, Germany, 2014.
[53] T. Dogan, C.R. Reinhart, P. Michalatos, Autozoner: An algorithm for automatic
thermal zoning of buildings with unknown interior space deﬁnitions, J. Build.
Perform. Simul. (2015), http://dx.doi.org/10.1080/19401493.2015.1006527.
[54] ASHRAE: Standard 90.1-2013, Energy Standard for Buildings except Low-rise
Residential Buildings, American Society of Heating, Refrigerating, and Air-
Conditioning Engineers, Atlanta GA, 2013.
[55] Y. Toparlar, B. Blocken, P. Vos, G.J.F. van Heijst, W.D. Janssen, T. van Hooff,
H. Montazeri, H.J.P. Timmermans, CFD simulation and validation of urban
microclimate: a case study for Bergpolder Zuid, Rotterdam, Build. Environ. 83
(2015) 79e90.
[56] S. Gracik, M. Heidarinejad, J. Liu, J. Srebric, Effect of urban neighborhoods on
the performance of building cooling systems, Build. Environ. 90 (2015)
15e29.
[57] J. Huber, C. Nytsch-Heusen, Development and modeling simulation strategies
for large scale urban districts, in: Proceedings of Building Simulation 2011:
Sydney, Australia, 2011.
[58] P. Sehrawat, K. Kensek, Urban energy modeling: GIS as an alternative to BIM,
in: Proceedings of ASHRAE/IBPSA Conference 2014: Atlanta GA, 2014.
[59] D. Robinson, et al., SUNtool e a new modelling paradigm for simulating and
optimizing urban sustainability, Sol. Energy 81 (2007) 1196e1211.
[60] C.R. Reinhart, T. Dogan, J.A. Jakubiec, T. Rakha, A. Sang, UMI e An urban
simulation environment for building energy use, daylighting and walkability,
in: Proceedings of Building Simulation 2013: Chambery, France, 2013.
**[61] J.A. Fonseca, A. Schlueter, Integrated model for characterization of spatio-
temporal building energy consumption patterns in neighborhoods and city
districts, Appl. Energy 142 (2015) 247e265 (Paper introduces a multi scale
building energy simulation and visualization workﬂow based on GIS urban
data. The work introduces an extensive model validation against measured
energy use, highlighting the magnitude of errors when comparing building
by building as opposed to mean building stock results).
C.F. Reinhart, C. Cerezo Davila / Building and Environment 97 (2016) 196e202202[62] E. Kim, G. Plessis, J. Hubert, J. Roux, Urban energy simulation: Simpliﬁcation
and reduction of building envelope models, Energy Build. 84 (2014)
193e202.
[63] F.G. Koene, L.G. Bakker, D. Lanceta, S. Narmsara, Simpliﬁed building models of
districts, in: Proceedings of BauSIM 2014: Aachen, Germany, 2014.
[64] T. Dogan, C.R. Reinhart, Automated conversion of architectural massing
models into thermal shoebox models, in: Proceedings of Building Simulation
2013: Chambery, France, 2013.
[65] M. Lauster, J. Teichmann, M. Fuchs, R. Streblow, D. Mueller, Low order ther-
mal network models for dynamic simulations of buildings on city district
scale, Build. Environ. 73 (2014) 223e231.[66] L. Giovannini, S. Pezzi, U. Di Staso, F. Prandi, R. De Amicis, Large-scale
assessment and visualization of the energy performance of buildings with
ecomaps, in: Proceedings of 3rd International Conference DATA 2014:
Vienna, Austria, 2014.
[67] K. Orehounig, G. Mavromatidis, R. Evins, V. Dorer, J. Carmeliet, Predicting
energy consumption of a neighborhood using building performance simu-
lations, in: Proceedings of Building Simulation and Optimization 2014:
London, England, 2014.
[68] U. Wilke, F. Haldi, J. Scartezzini, D. Robinson, A bottom-up stochastic model
to predict building occupants' time-dependent activities, Build. Environ. 60
(2013) 254e264.
